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Abstract

Theemergenceof theworld-wide-webhasled to anincreasedinterestin methodsfor searchingfor information.
A key characteristicof many of the online documentcollectionsis that the documentshave predefinedcategory
information, for example,the variety of scientificarticlesaccessiblevia digital libraries (e.g.,ACM, IEEE, etc.),
medicalarticles,news-wires,and variousdirectories(e.g., Yahoo,OpenDirectoryProject,etc.). However, most
previous information retrieval systemshave not taken the pre-existing category information into account. In this
paper, we proposedweight adjustmentschemesbasedupon the category information in the vector-spacemodel,
which areableto selectthe mostcontentspecificanddiscriminatingfeatures.Our experimentalresultson TREC
datasetsshow that thepre-existing category informationdoesprovide additionalbeneficialinformationto improve
retrieval. The proposedweight adjustmentschemesperform better than the vector-spacemodel with the inverse
documentfrequency (IDF) weightingschemewhenqueriesarelessspecific. Theproposedweightingschemescan
alsobenefitretrieval whenclustersareusedasanapproximationto categories.

∗This work wassupportedby NSFCCR-9972519,EIA-9986042,ACI-9982274,by Army ResearchOffice contractDA/DAAG55-98-1-0441,
by theDOEASCI program,andby Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008.
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1 Introduction
Theemergenceof theworld-wide-webhasled to anincreasedinterestin methodsfor searchingfor information.An
importantcharacteristicof the online documentcollectionsis that moreandmorepredefinedcategory information
is available,for example,digital librariescategories( e.g.,ACM, IEEE, etc. ), medicalarticles( e.g.,Medlineetc.
) andweb directories( e.g.,Yahoo,OpenDirectoryProject,Googleetc.), In the meantime,text classificationand
organizationhasbeenextensively studiedin bothinformationretrieval andtext mining literatures.However, thereis
little work doneoncombiningthecategoryinformationwith traditionalIR techniquesto improveretrieval. Srinivasan
[13, 14] combinedcategory labelsandoriginal querytermsto expandqueries.The category labels( MeSH terms)
indeedimprove the quality of the retrieved information. However, the proposedmethodhasrequirementson class
labels,which makesthis approachhardto be generalized.Anothersetof techniquesutilizing category information
is superviseddimensionalityreduction,which refersto thesetof techniquesthattake advantageof class-membership
informationwhile computingthelower dimensionalspace.Examplesof suchtechniquesincludea varietyof feature
selectionschemes[1, 7, 9, 8, 17, 4, 16, 11, 10] that reducethe dimensionalityby selectinga subsetof the original
features,techniquesthat createnew featuresby clusteringthe terms[2], techniquesbasedon local latentsemantic
indexing [5, 12], andtechniquesbasedonsupervisedconceptindexing [6].

All thesepreviousapproachesonly useda limited portionof theadditionalinformationamongdocumentsthatthe
pre-existing category informationprovidesus. Presumably, themanuallyconstructedcategory informationprovides
additionalthematicinformationthatcanbenefitfurthertermstudiesandenhanceretrieval.

In this paper, we exploredanalternativeway to utilize category informationby adjustingtermweightsbasedupon
theterm’sdistribution amongcategories.We presenteda normalizedentropy (NE) methodto determinethecategory
specificity of eachterm, from which we derived two supervisedterm weightingschemes.The evaluationresults
on TREC datasetsshow that the proposedschemesoutperformthe traditional IDF schemesignificantlywhenthe
queriescontainmore thana few specifictermsandachieve competitive resultson shortandwell-definedqueries.
The experimentalresultsalsoshow that the proposedterm weightingschemescanstill benefitretrieval even when
categoriesareapproximatedby clusterswhicharegeneratedautomatically.

2 Supervised Term Weighting Schemes
Ourresearchof utilizing categoryinformationis motivatedby analyzingthedistributionof relevantdocumentsacross
categorieson variousdatasets. This analysisindicatesthat relevantdocumentstendto concentrateinto a few cate-
gories.Table1 shows suchanalysison two datasets:FT andLATimes,which comparestheobserveddistribution of
relevantdocumentsandtheexpecteddistribution if they weredistributeduniformly. We calculatedtheentropy of the
relevantdocumentsdistributionamongcategoriesasthefollowing:

entropy(ti ) = −
∑

c∈C

P(c|ti ) log P(c|ti )

whereC is the setof categories. The expectedentropy valueswerecalculatedbaseduponthe underlyingcategory
distributionassumingtherelevantdocumentsweredistributeduniformly acrossthecollection.In Table1, we present
the observedmeanandstandarddeviation of the entropy, the expectedvalueand t-valueof the differencefor both
FT datasetandLATimesdataset. Thesignificantlevels areall above 0.01,which indicatesthat the distribution of
relevantdocumentsacrosscategoriesis far from uniform.

Table 1: Comparison of observed relevant documents distribution against expected if relevant documents were distributed uniformly

Dataset # of queries mean s.d. expected t-value
LATimes(>20) 54 1.64 .40 2.39 13.5

FT(>50) 33 1.83 .55 3.869 20.88

Thisobservedcharacteristicof relevantdocumentsindicatesthatrelevantdocumentsmaycontaincategoryspecific
terms,whichmake thoserelevantdocumentsbelongto particularcategories.If wecanconstructamethodthatis able
to distinguishcategory specifictermsfrom otherterms,thensomehow we associatethematicmeaningswith terms,
whichallowsusto beableto emphasizethetermsthatrepresentthecontentof documentsandcategories.
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Table 2: An example: Query 360

< num > Number:360
< ti tle >druglegalizationbenefits
< desc > Description:
Whatarethebenefits,if any, of druglegalization

(a)

drug benefit legal
IDF 2.7222 2.9139 2.8008
NE 0.1326 0.1374 0.1979

# of relv docs 48 6 44

(b)

theIDF Scheme

Doc ID Relv? Drug Benefit Legal
29493 r 1.0000 0.6250 0.6250
27426 r 1.0000 0.5238 0.7619
115777 r 1.0000 0.5100 0.7200
24656 r 1.0000 0.5500 0.6000
54526 n 0.5333 1.0000 0.5667
91955 n 0.7778 0.6111 0.7222
5509 n 1.0000 0.5357 0.5714

(c)

theNE Scheme

Doc ID Relv? Drug Benefit Legal
27426 r 1.0000 0.5238 0.7619
115777 r 1.0000 0.5100 0.7200
29493 r 1.0000 0.6250 0.6250
117947 r 1.0000 0 1.0000
29495 r 1.0000 0 1.0000
91955 n 0.7778 0.6111 0.7222
24656 r 1.0000 0.5500 0.6000

(d)

To find out the termsrepresentingcontentaccordingto category information,we developeda measureof term
specificitybasedupona term’s distribution amongcategories.If a termonly appearsin oneor few categories,it has
highcertaintywith respectto thesecategories.Ontheotherhand,if a termappearsacrossmostof thecategories,then
thepossibilitythatthetermrepresentsthecontentof any category is low. Weusednormalizedentropy asthemeasure
of this category informationuncertainty, which is definedasfollows:

N E(t j ) = −
M∑

i=1

pi j log pi j , (1)

where M is the total numberof categories,and pi j is given by P(t j |ci )
∑M

k=1 P(t j |ck )
, with P(t j |ci ) equalsthe numberof

documentscontainingthetermt j in thecategoryci dividedby thetotalnumberof documentsin thecategoryci .
Thenormalizedentropy (NE) definedaboveeliminatestheeffectof thevariationof categorysizes.Theportionof

thedocumentscontainingtheterm t j in thecategory ci is moresuitableto representthedistribution of thetermthen
theabsolutenumberof documentscontainingthetermt j . Whenall thecategorieshavesimilarsizes,pi j = P(ci |t j ) .

In therestof this section,we will presenttwo termweightingschemes:thenormalizedentropy (NE) schemeand
thecombinedNE andIDF scheme,whichderivethetermweightsbaseduponthenormalizedentropy describedabove.
We referthemassupervisedtermweightingschemes.

2.1 The Normalized Entropy Scheme

In thenormalizedentropy (NE) scheme,theweightof thetermt j is givenby

wt j = N Emax − N E(t j ),

whereN Emax is themaximumnormalizedentropy of all thetermsandN E t j is definedin Equation1. Thenormalized
entropy (NE) schemewill givehighweightsto thetermsthatarespecificto a few categories.

We presentanexampleto illustratehow thenormalizedentropy (NE) schemeis ableto emphasizecontentspecific
terms,which theIDF schemefails to identify. Theexampleis to performthequerynumber360on theLATimesdata
set.

Table2 (a)describesthecontentof thequery. Table2 (b) shows thedifferentweightsassignedby theIDF scheme
and the NE schemeto the threetermsin the query360 and the numberof relevant documentsthat really contain
that term. The IDF schemegivessimilar weightsto all the threeterms,which meansthey occur in the collection
with similar frequency. However, they do behave differently accordingto the NE scheme.“legalization” is more
category specificthen the others,which representsan importantcomponentof the relevant documents.Insteadof
giving the highestweight to “benefit” asthe IDF scheme,the NE schemeis ableto emphasizethe contentspecific
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term“legalization”.
Table2 (c) andTable2 (d) list the first seven documentsretrieved by the IDF schemeandthe NE scheme,re-

spectively. EachentrycontainstheretrieveddocumentID, whetherthedocumentis relevantor not, followedby the
normalizedterm frequency for eachqueryterm, wherethe normalizedterm frequency will be definedin detailsin
Section3. By giving moreweightto theterm“legalization”andlessweight to theterm“benefit”, theNE schemeis
ableto retrieve relevantdocumentsthatdo not containthe term“benefit” explicitly. This exampleillustratesoneof
thelimitationsof theIDF scheme:whenall thetermsoccurin thecollationwith similarmoderatefrequency, theIDF
schemecannot furthertell thedifferencebasedupontheterm’sdistribution.

2.2 The Combined NE and IDF Scheme

Thenormalizedentropy (NE) schemehasnicepropertiesto emphasizethecontentspecificterms.However, it alsohas
limitations: thecontentspecifictermscanleadusto thebestmatchingcategories,but if thosetermsarethecommon
termsin the categories,then thosetermsactuallyhave limited discriminatingpower. They arenot able to further
distinguishrelevantdocumentsfrom the irrelevantdocumentsin the samecategories. We canunderstandthis more
clearlyby comparingNE with IDF in thefollowing table.

Table 3: Entropy vs. IDF

high Entropy low Entropy
high IDF Good Good/Bad
low IDF Good/Bad Bad

Table3 shows the four possiblecombinationsof NE andIDF valuesfor a term. The termswith high NE and
low IDF arehelpful for locatingcategories,but arenot ableto futureeliminatethe irrelevantdocumentsin thesame
categories.By combiningIDF andNE, wecanavoid to emphasizetoomuchon thoseterms.

In addition,thetermswith low NE andhigh IDF will begoodtermsto retrieve relevanceif the informationneed
coverslargernumberof categories,in which case,the useof NE asterm selectingcriteriawill de-emphasizethose
goodterms.Ontheotherhand,thosetermswill bebadif theinformationneedonly coverssmallnumberof categories,
in which case,theuseof NE will correctthewrongemphasiscausedby theIDF scheme.This natureof NE leadsto
a variationof theperformance,i.e., theimprovementgainedby utilizing category informationtendsto increasewhen
thecategorystructurematchestheinformationneedbetter.

We developedthe combinedschemeto further improve the normalizedentropy (NE) schemeby combiningIDF
andNE asfollows:

wt j = ((NEmax − N E(t j )) ∗ IDF j )
α,

whereNEmax is themaximumnormalizedentropy of all theterms,IDF j is theIDF valueof theterm t j andα is the
scalingpower.

The combinedschemewill give high weightsto the termsthat are both category specificand infrequent. It is
natureto have α = 1, in which case,the combinedschemegivesmuchhigherweightsto thosecategory specific
andinfrequenttermsthantheotherterms,which mayresultin a lossof informationwhenqueriesonly containa few
terms.To make thecombinedschemehave thesamescaleafter transfermation,we chooseanotherscalingpower to
be0.5,sinceIDF andNE arebothlogarithmicfunctions.In thefollowing evaluationsection,we performedtwo trails
of experimentswith α = .5 andα = 1.

3 Experimental Evaluation
We selectedthreesubcollectionsin theTRECcollectionthathave category informationasour experimalcollections.
The statisticsof the threecollections: FinancialTimesLimited (FT), Los AngelesTimes(LATimes)andSanJose
MercuryNews (SJM)areshown in table4. We derivedcategory informationfrom the IN field, SECTIONfield and
DESCRIPTfield, respectively. For eachcollection,we collectedqueriesfrom TRECadhoctopicsthathave relevent
documentsin thatcollection.Eachquerycontainsthreeparts:a title, a descriptionanda narrative. We formedthree
typesof querysets:long (t+d+n),medium(t+d) andshort(t) by includingall threeparts,title anddescriptionparts,
andtitle partonly, respectively. Thequeriesof SJMarefrom TREC-4adhoctopics,whichonly have thedescription
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part,thusonly themediumtypequeriesarepresented.Table4 showsthestatisticsof thequerysetsfor eachcollection.

Table 4: Statistics for Data Sets and Queries
Data sets Statistics

Dataset # of docs # of classes min classsize maxclasssize avg classsize
FT 210,158 83 26 14670 2632

LATimes 131,896 22 89 25837 5052
SJM 70,980 281 62 4456 492

Queries Statistics

Dataset # of queries # avg relevantdocs avg length(t) avg length(t+d) avg length(t+d+n)
FT 141 34.63 2.41 7.9 21.21

LATimes 142 24.5 2.40 8.1 21.52
SJM 45 24.4 — 7.37 —

Foreachdocumentin ourdatasets,weusedastop-listto removecommonwordsandthewordswerestemmedusing
Porter’s suffix-strippingalgorithm. We representedeachdocumenti asa termvectorusingthepopularvector-space
model,in which thevaluefor eachtermt j wasdefinedasfollows:

wi j = (0.5 + 0.5
tfi j

max j(tfi j )
) ∗ wt j ,

wheretfi j is thetermfrequency of theterm j in thedocumenti , wt j is thetermweightof thetermt j assignedby the
IDF termweightingschemeor our supervisedtermweightingschemes.Eachqueryalsowasrepresentedasa term

vectorwith thevaluefor eachterm t j asthenormalizedtermfrequency: wi j = 0.5 + 0.5
tfi j

max j (tfi j )
, wheretfi j is the

termfrequency of theterm j in thequeryi . Thenwe performeda dot-productsimilarity searchbetweenqueriesand
everydocumentin thedatacollection.Weuseduninterpolatedaverageprecisionto measuretheretrieval effectiveness
amongvarioustermweightingschemes.Precisionis definedastheratioof thenumberof relevantdocumentsretrieved
over thenumberof retrieveddocuments.We computetheprecisionwheneachrelevantdocumentis retrieved,andthe
averageof all precisionvalues,theuninterpolatedaverageprecision,is usedto measuretheperformanceof thevarious
termweightingschemesonaparticularquery.

3.1 Supervised Term Weighting Schemes

Ourfirst setof experimentsfocusedoncomparingtheperformanceof thevarioussupervisedtermweightingschemes
againstthatachievedby thetraditionalIDF schemethatdoesnottakecategoryinformationinto account.Theseresults
areshown in Table5 thatshowstheaverageprecisionachievedby thevarioustermweightingschemesonthedifferent
queriesfor thethreedatasets.Eachrow in this tablecorrespondsto aparticulartermweightingschemeandthevarious
columnscorrespondto the differentdatasetsandquerytypes. In particular, the row labeled“IDF” correspondsto
the traditional IDF scheme,the row labeled“NE” correspondsto the normalizedentropy scheme,the row labeled
“IDF*NE” correspondsto thecombinedschemewith α = 1.0, andtheschemelabeled“

√
IDF*NE” correspondsto

thecombinedschemewith α = .5. We useboldfacedfontsto highlight thebestresultsfor a particularquery-dataset
combination,andtheentriesthatachievedthebestoverall resultsfor eachdatasetarealsounderlined.

Table 5: Comparison of the average precision achieved by four term weighting schemes

FT LATimes SJM
schemes t+d+n t+d t t+d+n t+d t t+d

TF 0.092 0.151 0.228 0.071 0.148 0.224 0.135
IDF 0.205 0.267 0.261 0.163 0.227 0.244 0.176
NE 0.275 0.285 0.248 0.220 0.240 0.226 0.186

IDF*NE 0.285 0.277 0.240 0.240 0.229 0.221 0.176
√

I DF ∗ N E 0.269 0.288 0.255 0.210 0.243 0.240 0.189
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Looking at the resultsin this table we can seethat the performanceof the varioussupervisedterm weighting
schemesdependson thequerytype. In particular, for shortqueries(t), theproposedtermweightingschemestendto
performsomewhatworsethanthetraditionalIDF scheme.ThetraditionalIDF schemeworkingwell for shortqueries
onTRECdatasetsis notsurprising,sinceasexploredby Greiff [3], for thequerytermsin thetitle anddescriptionparts
of TRECqueries,thedocumentfrequency of atermis agoodapproximationof theweightof evidencethatadocument
containsthattermis relevant.However, asthelengthof thequeriesincreasesall threeproposedschemesleadto better
resultsthanthoseobtainedby IDF. For themedium-sizequeries(t+d), they leadto improvementsover IDF thatrange
from 0% to 8%, whereasfor long queriestheseimprovementsrangefrom 28%to 48%. Amongthe threeproposed
schemes,we can seethat the combinedschemewith α = 1.0 outperformsthe rest for long queries,whereasthe
combinedschemewith α = .5 doesthebeston shortandmedium-lengthqueries.Comparingtheperformanceof the
supervisedtermweighingschemesacrossthedifferentdatasetswe canseethat they leadto betterresultsfor FT and
SJMandto somewhatworseresultsfor theLATimesdataset.Thebestresultsfor FT andSJMdatasetsacrossall types
of queriesandterm-weightingschemeswereachievedby thecombinedschemewith α = .5, whichalsoachievedthe
secondbestresultfor theLATimesdataset.Thereasonfor theperformanceof thesupervisedtermweightingschemes
worsethanthat of the IDF schemeon the LATimesdatasetmaybe dueto the fact that the numberof categoriesin
theLATimesdatasetwasvery small. Consequently, thesupervisedtermweightingschemescanonly provide limited
additionaldiscriminatingpower.

In general,theresultsin Table5 suggestthattheproposedsupervisedtermweightingschemesareespeciallyuseful
whenthequeriescontainmorethanjust a few terms. Suchmoderatelylargequeries,quiteoftencontaintermsthat
arenot very importantin identifying relevantdocuments.As a result,by utilizing category informationtheproposed
schemescanreducetheimportanceof thesetermsduringtherankingcalculations.Theability of thesupervisedterm
weightingschemesto de-emphasizesuchtermsis alsothe reasonwhy the combinedschemewith α = 1.0 doesso
well for largequeries.Recallfrom Section2.2thatwhenα = 1.0, thecombinedschemetendsto assignhighweights
to termsthatarebothcategoryspecificandinfrequent,andmuchsmallerweightto therestof theterms.Theweight
differencebetweenthesesetof termsis muchhigherfor this schemethanfor any of the othersupervisedschemes.
Now, in largequeries,thenumberof non-criticaltermswill tendto bequite large,asa resultthecombinedscheme
with α = 1.0 will end-upfocusingon only a few of thesetermsandgive very small weightsto a largenumberof
non-categoryspecificandfrequentterms,improving theoverall retrieval results.

3.2 Unsupervised Term Weighting Schemes

Oursecondsetof experimentsfocusedonevaluatingwhetheror not theproposedsupervisedtermweightingschemes
canalsoleadto retrieval improvementswhenthecategoriesareautomaticallydiscoveredusingaclusteringalgorithm.
Themotivationbehindthisapproachis thatthedocumentswithin eachclusterwill mostlikelybepartof thesametopic,
andassuchthedistributionof thetermsin theseclusterscanbeusedto extractsomeadditionalthematicinformation,
whichcanbenefitretrieval. To thisend,weusedavector-spacebisectingK -meansclusteringalgorithm[15] to cluster
eachoneof thedatasetsinto acertainnumberof clustersk, andthentreateachof theseclustersasaseparatecategory
andapplythevarioussupervisedtermweightingschemesdescribedin Section2. We referthis setof termweighting
schemesasunsupervisedtermweightingschemes.

Table6 shows the averageprecisionobtainedfor the differenttypesof queriesanddatasetsfor differentvalues
of k. Similar to our earlierpresentation,we boldfacedtheentriesthatachieve thebestresultsfor eachquery-dataset
combinationandunderlinedtheentriesthatachievedthebestresultsfor eachdataset.

A numberof interestingobservationscanbe madeby looking at the resultsof Table6. First, as the numberof
clustersincreases,the averageprecisionachieved by the threeterm weightingschemesalsotendsto increase.For
mosttypesof queriesanddatasets,thehighestvaluesfor eachtermweightingschemeareoftenachievedfor 100–150
clusters. Second,the relative performanceof the threesupervisedterm weightingschemesfor the differentquery
typesis quitesimilar to therelative performanceachievedwhentheactualcategorieswereused(Table5). For short
andmediumqueries,the combinedschemewith α = 0.5 tendsto performbetterthanthe othertwo, whereasfor
large queriesthe combinedschemewith α = 1.0 doesthe best. Third, for shortandmediumlengthqueries,the
relative performanceof thecombinedschemewith α = 1.0 approachesthatof thecombinedschemewith α = 0.5
asthenumberof clustersincreases.This is dueto the fact thatask increases,thenormalizedentropy of eachterm
becomessmallsincethetermis distributedacrossmoreclusters.Consequently, theweightsof thesetermsusingthe
NE approachbecomesmallerandmoreuniform.

Finally, comparingtheperformanceachievedby theclustering-basedapproachesto thatobtainedwhentheactual
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Table 6: Comparison of the average precision achieved by unsupervised term weighting schemes with various number of clusters

FT Data Set
# of t+d+n t+d t

clusters NE IDF*NE
√

I DF ∗ N E NE IDF*NE
√

I DF ∗ N E NE IDF * NE
√

I DF ∗ N E
25 0.2219 0.2647 0.2167 0.2645 0.2718 0.2699 0.2463 0.2397 0.2550
50 0.2486 0.2805 0.2335 0.2747 0.2779 0.2780 0.2503 0.2411 0.2589
75 0.2517 0.2844 0.2353 0.2749 0.2783 0.2806 0.2507 0.2447 0.2571
100 0.2510 0.2815 0.2354 0.2770 0.2800 0.2799 0.2536 0.2471 0.2586
125 0.2503 0.2841 0.2347 0.2719 0.2796 0.2775 0.2540 0.2465 0.2579
150 0.2548 0.2832 0.2353 0.2767 0.2795 0.2812 0.2537 0.2489 0.2580

LATimes Data Set
# of t+d+n t+d t

clusters NE IDF*NE
√

I DF ∗ N E NE IDF*NE
√

I DF ∗ N E NE IDF * NE
√

I DF ∗ N E
25 0.1873 0.2410 0.1845 0.2278 0.2318 0.2329 0.2221 0.2172 0.2371
50 0.1996 0.2422 0.1921 0.2315 0.2330 0.2344 0.2277 0.2187 0.2387
75 0.2098 0.2498 0.1883 0.2364 0.2340 0.2356 0.2263 0.2192 0.2379
100 0.2227 0.2512 0.2016 0.2386 0.2380 0.2374 0.2301 0.2218 0.2422
125 0.2220 0.2548 0.1993 0.2375 0.2378 0.2408 0.2314 0.2221 0.2427
150 0.2267 0.2578 0.2039 0.2449 0.2353 0.2422 0.2312 0.2213 0.2426

SJM Data Set
# of clusters NE IDF*NE

√
I DF ∗ N E

25 0.1701 0.1657 0.1773
50 0.1772 0.1763 0.1802
75 0.1799 0.1724 0.1819
100 0.1811 0.1743 0.1828
125 0.1793 0.1728 0.1825
150 0.1817 0.1736 0.1824

category informationwasusedwe canseethat thereis little differencebetweenthecorrespondingschemes.For all
datasetsandquerytypes,the bestclustering-basedsolutionis usuallywithin 0%–3%of that of the category-based
solution. Moreover, the clustering-basedsolutionsareconsiderablybetter(rangingfrom 0%–45%)thanthe results
obtainedby IDF for mediumandlong queries.This suggeststhat theproposedschemescanbeusedto improve the
retrieval performanceevenin theabsenceof category information.

4 Conclusions and Future Work
In this paper, we exploredanalternative way to utilize pre-existing category information: determiningtermweights
baseduponcategoryspecificity. We proposedtwo supervisedtermweightingschemes:thenormalizedentropy (NE)
schemeandthecombinedscheme.Theexperimentalresultsshow thatthesetwo schemessubstantiallyoutperformthe
IDF schemewhenqueriesarelessspecificandachievesimilar resultswhenqueriesareshortandonly containspecific
terms. The resultsconfirm that pre-existing category informationindeedcontainsvaluablethematicinformationto
improve retrieval andthe proposedschemessomehow areable to capturethe hiddeninformation. In addition,the
proposedschemescanbeextendedto computetermweightsbaseduponclusterspecificity.

Therearetwo issuesneedto bestudiedto furtherunderstandtheproposedschemes.First,wewouldliketo conduct
similar dataexplorationanalysisasstatedin [3] to understandtherelationshipbetweentheweightof evidence,IDF
andNE whenqueriesarelesswell-defined.This studywould give usa morerigorousexplanationwhy theproposed
schemeswork. Second,the scalingparameterof the combinedschemedoeschangethe behavior of the scheme.
Theschemewith scalingpower of oneworksbetterwith longerqueries,whereastheschemewith scalingpower of
0.5 works betterwith shorterqueries.A full parameterstudyis neededto uncover the insight of this behavior and
potentiallycanhelpto furtherimprovetheproposedschemes.

References
[1] H. Almuallim andT.G. Dietterich. Learningwith many irrelevantfeatures.In Proc. of the Ninth International

Conference on Machine Learning, pages547–552,1991.

[2] L. BakerandA. McCallum. Distributionalclusteringof wordsfor text classification.In SIGIR-98, 1998.

[3] W. R. Greiff. A theoryof termweightingbasedonexploratorydataanalysis.The Proceeding SIGIR’98, 1998.

7



[4] S.J.Hong.Useof contextualinformationfor featurerankinganddiscretization.IEEE Transactions on Knowledge
and Data Eng., 9(5):718–730,September/October1997.

[5] D. Hull. Improving text retrieval for the routing problemusing latentsemanticindexing. In Proceedings of
SIGIR, pages282–291,1994.

[6] G. KarypisandE. H. Han. Fastsuperviseddimensionalityreductionalgorithmwith applicationsto document
categorization& retrieval. In Proceedings of CIKM, 2000.

[7] K. Kira andL.A. Rendell.A practicalapproachto featureselection.In Proc. of the 10th International Conference
on Machine Learning, 1992.

[8] R. Kohavi andD. Sommerfield.Featuresubsetselectionusingthe wrappermethod:Overfitting anddynamic
searchspacetopology. In Proc. of the First Int’l Conference on Knowledge Discovery and Data Mining, pages
192–197,Montreal,Quebec,1995.

[9] I. Kononenko.Estimatingattributes:Analysisandextensionsof relief. In Proc. of the 1994 European Conference
on Machine Learning, 1994.

[10] H. Liu andH. Motoda. Feature Selection for Knowledge Discovery and Data Mining. Kluwer AcademicPub-
lishers,1998.

[11] J.Moore,E. Han,D. Boley, M. Gini, R. Gross,K. Hastings,G. Karypis,V. Kumar, andB. Mobasher. Webpage
categorizationandfeatureselectionusingassociationruleandprincipalcomponentclustering.In 7th Workshop
on Information Technologies and Systems, Dec.1997.

[12] Hinrich Schtze,David A. Hull, andJanO. Pedersen.A comparisonof classifiersanddocumentrepresentations
for theroutingproblem.In Proceedings of SIGIR, pages229–237,1995.

[13] P. Srinivasan. Retrieval feedbackin medline. Journal of the American Medical Informatiotrics Association,
1996.

[14] Padmini Srinivasan. Queryexpansionandmedline. Information Processing & Management, 32(4):431–443,
1996.

[15] M. Steinbach,G. Karypis,andV. Kumar. A comparisonof documentclusteringtechniques.In KDD Workshop
on Text Mining, 2000.

[16] Marilyn WulfekuhlerandBill Punch. Findingsalientfeaturesfor personalwebpagecategories. In 6th WWW
Conference, SantaClara,CA, 1997.

[17] Y. Yang andJ. Pederson. A comparative study on featureselectionin text categorization. In Proc. of the
Fourteenth International Conference on Machine Learning, 1997.

8


